Abstract
Introduction
accepted because their usefulness and validity. Consequently, they share a common a focal factor changes the observed pattern in situations where insufficient informa-1 tion is available but considerable random effects exist in the data. This is because it 2 expresses the uncertainty of unobserved measurements as the posterior distributions 3 defined by the products of likelihood functions and hierarchical priors (Clark et al., 4 2003; Ellison, 2004; Clark, 2005) .
5
The objective of the experiment in which the target data for the current study on 6 the growth of Japanese red pine (Pinus densiflora Sieb. et Zucc., an evergreen conif-7 erous tree) seedlings exposed to iron(Fe)-oxalate[(COOH) 2 ]-H 2 O 2 mist, a pseudo 8 polluted dew (Kobayashi et al., 2002) , are as follows. This experiment was carried 9 out to detect whether the chemicals present in the wet deposition in and around ur-10 ban areas cause a decline of the pine forests in western Japan (refer to Kume et al., 11 2001; Chiwa et al., 2005) . Hydrogen peroxide (H 2 O 2 ) is well known as a reactive 12 oxygen species that forms in plant cells and it affects biochemical processes such as 13 photosynthetic pathways under environmental stresses, such as high light intensity 14 and the presence of air pollutants (Asada, 1999; Halliwell and Gutteridge, 1999;  15 Kondo, 2002) . Although gaseous H 2 O 2 had little effect on plant functions (Polle 16 and Junkermann, 1994), Kume et al. (2001) and Kobayashi et al. (2002) showed 17 that a mist containing iron-oxalate-H 2 O 2 , which simulates polluted morning dew 18 in the declining pine forests, changes some physiological traits, such as needle CO 2 19 assimilation rate of the Japanese red pine. Kume et al. (2005) suggested that these cohort 2000 with a fixed ratio. Let i be the index for individual seedlings where 1 i ∈ {C#1, · · · , C#4} for seedlings in control group exposed to the mists containing 2 few ·OH, and i ∈ {T#1, · · · , T#4} for the treatment group exposed to ·OH-generating 3 mists (pollution treatment). For a given seedling i, the expectation of the dry weight 4 of cohort 1999 in September 2000 (Fig. 1, after Since we do not prior knowledge regarding the parameters to be estimated, the
assumed as a non-informative prior distribution. We adopt all the functional forms as 
13
The (joint) posterior distribution of parameters is proportional to the total prod-14 ucts of likelihood functions, i.e., prior probabilistic densities,
where {data} is defined as {data} ∈ {{y i }, {z i }}. The MCMC sampling from the the effects of pollution treatment on RGR, includes β T = 0 ( Fig. 5D and Table   10 3). The 95% credible interval of α T , the effects of pollution treatment on biomass 11 allocation, does not include α T = 0 ( Fig. 6D and Table 3 ).
12
The most important result of the analysis of the experiment data of pine seedlings 13 with and without ·OH-generating mist exposure (Kobayashi et al., 2002 ) is the (Fig. 4) . In other words, the variability of x i represents 19 all the uncertainty in the growth of seedling i. is smaller in the seedlings exposed to the pollution treatment.
8
On the other hand, we conclude that the analysis cannot detect any negative 9 effects of pollution treatment on stem RGR of cohort 1999. This is because the 10 95% credible interval of β T , the effects of pollution treatment on the RGR of two-11 year old stems before pollution treatment, includes α T = 0 ( Fig. 5D and Table 3 ).
12
A possible interpretation of the results is that ·OH-generating dews considerably 
272
In the present study, we also demonstrate a new application of Bayesian inference 273 to estimate the tree growth rate from the static and structural data of seedlings 274 ( Fig. 3 and Predicting the regional impact of ozone and precipitation on the growth of loblolly pine and yellow-poplar using linked TREGRO and ZELIG models. 
